Identification of conserved regions of a set of RNA secondary structures is currently an open research problem when dealing with large RNA molecules such as ribosomal RNA. We designed and implemented a method for conservancy annotation of a set of RNA molecules using their secondary structures. The method first converts secondary structures into linear representations, which are then forwarded into multiple sequence alignment (MSA). The resulting secondary structure-based MSA is subsequently passed into a conservancy identification procedure which uses a sliding window technique to identify conserved position in the MSA and assign them a score based on the secondary structure content of the window. The algorithm can be used to rank overall conservancy of the structures, which generally denotes evolutionary distance, as well as to assign conservancy to individual bases to identify high-or lowconservancy regions. We tested the algorithm for correlation with evolutionary distance, where it matches the expectations. The method is freely available as a stand-alone tool implemented in the Python programming language.
Introduction
Ribonucleic acids (RNA) play an important role in many processes related to protein synthesis or regulation of genetic expression [1] . Function of an RNA molecule is determined by its structure, i.e. a shape that is formed by the molecule. There are several levels of description of this structure. The simplest, primary structure, expresses an RNA molecule as a linear sequence of nucleotides. Tertiary structure, on the other hand, describes the full three-dimensional structure of the molecule. The tertiary structure is a labeled set of 3D coordinates, thus representing the most informative model of an RNA molecule. However, obtaining the tertiary structure of a molecule is a complex problem and therefore, due to the progress in sequencing technology, for most of RNA molecules the sequence information is available while the corresponding three-dimensional structure is not. In between, secondary structure does not tell atom positions in three-dimensional space, but rather describes the pattern of hydrogen bonds between bases (nucleotides). Two bases that are part of a hydrogen bond are called base pairs. The base pairs are frequently organized into specific substructures such as helices, loops, junctions, hairpins, overhangs bulges or pseudoknots. These are called structural features or motifs and are considered to be the "building blocks" of RNA secondary structures. Secondary structure information is a relatively good approximation of the tertiary structure, since it shows which parts of the sequence get near each other in the resulting 3D fold. While the computational prediction of tertiary structure is currently not possible, fortunately, there are algorithms which can predict secondary structure of an RNA molecule from its sequence for even the largest RNAs, such as ribosomal RNAs [2] .
One of the common tasks when analyzing RNA molecules is to study the conservancy at the level of entire molecules, or even at the level of individual segments, motifs or even residues. The goal of conserved regions identification is to reveal functionally important parts of a molecule. Or, inversely, knowledge of unconserved regions can help to discover organism-specific portions of molecules and thus drive the consequent analysis. An example of such important regions can be expansion segments of ribosomal RNAs [3] .
Conservancy expresses the level of homology of molecules or their parts and is traditionally associated with sequences, i.e. molecules are considered conserved if they show high sequence similarity. However, since conservancy is an evolutionarily-based term, it is actually related to the underlying structures. So we can deduce conservancy of molecules, or their parts, based on the similarity of their tertiary or secondary structures, i.e. similarity in base pairing patterns. Measuring conservancy on the structural level can reveal conserved regions that are not obvious from the sequence itself: very similar secondary (and tertiary) structure can be formed by relatively different sequences of nucleotides, and as the biological function of a molecule depends more heavily on its structure than sequence, measuring conservation at the sequence level only can obscure functional similarities.
The availability of reliable algorithms for secondary structure prediction of large RNA molecules calls for tools enabling measurement of conservancy of even such large structures. Although there exist several approaches for measuring conservancy of entire structures, a tool which would enable measuring conservancy of individual nucleotides for large structures based on the secondary structure is basically missing. We call this task conservancy annotation, since such a method can annotate each position with a secondary structure-based conservation level. A nice overview of approaches to secondary structure conservation identification of whole molecules can be found in [4] , where the approaches are divided into three classes: (i) comparison of predicted minimum free energies, (ii) comparison of single structures, (iii) comparison of ensembles of structures representing the whole folding space. With the exception of comparison based on single structures, all the methods are based on energy computations which tend to be computationally demanding. This is reflected in the size of the structures in the test sets; for example, a widely used library Bralibase [5] contains sequences having only few tens of bases. However, the sizes of ribosomal RNA subunits span from few hundreds to few thousands bases. Moreover, the methods mentioned above are meant to compute conservation of whole structures and their adjustment to annotating the conservation of individual parts of a structure is far from obvious. Annotation on the level of individual bases enables to visually express the conservation as shown in the experimental section. Another possibility, apart from adjusting a whole structure conservation approach, is to utilize some of the methods for prediction of consensus secondary structure, such as LocaRNA [6] or Infernal [7] , and transfer that information back to the structures from which the consensus structure was built, but it is again not obvious how to do that. Both of the approaches are tedious and therefore we introduce here a fast, straightforward method and its freely available implementation which enables conservation annotation of a set of RNA sequences with conservancy levels based on the available secondary structure information.
The method first converts the input secondary structures into dot-parenthesis representation which is then forwarded into multiple sequence alignment (MSA). The resulting secondary structure-based MSA is subsequently passed into a conservancy identification procedure which uses sliding window technique to identify conserved positions in the MSA and assign them a score based on the secondary structure content of the window. The following section details the procedure and discusses its implementation.
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Secondary Structure Conservation Annotation Assessment
To be able to conduct the multiple sequence alignment, the two-dimensional secondary structures need to be converted into one-dimensional sequences. In order to do so, we utilize the so-called dot-bracket notation. In this representation, each character represents a base. Matching parenthesis at positions i and j indicate a base-pair while dot is used to represent an unpaired base. Fig. 1 shows an example of an RNA sequence, its secondary structure in dot-bracket notation and corresponding visual representation.
Obviously, the dot-bracket representation of secondary structure is a sequence and thus one can easily use sequence alignment to compare the structures. The advantage of such an approach is that the problem of sequence alignment is well established in the bioinformatics community, many tools for this task exist and basically any existing multiple sequence alignment (MSA) tool can be used for our purpose [8] . Fig. 1 . Example of seconday structure in dot-bracket notation.
The key idea of MSA is to align sequences by inserting gaps (denoted by the "-" symbol) into the sequences in order to make the aligned sequences as similar as possible in the gap-free regions. Note that which alignment is chosen as the best depends on the scoring function used. For pairwise sequence alignment, the optimal alignment for a given cost function can be found in ( 2 ) time using dynamic programming [9] . However, this problem is intractable for an arbitrary number of input sequences and therefore heuristic algorithms are commonly used [10] . Our implementation uses the well-known multiple sequence alignment utility Clustalw2 [11] , [12] ; our method simply takes the secondary structures of the input molecules in dot-bracket notation and passes them to the Clustalw2 tool. The output of this tool is the optimal multiple sequence alignment expressed as a matrix with aligned input positions. Now, we need to calculate conservancy level for each individual position. We define conservancy level as the percentage of similarity at given position and its close neighborhood. This is done with the help of the sliding window method (as illustrated in Fig. 2) . Sliding window is a general technique for iterating over a list of elements where instead of looking at one element at a time we include also its neighborhood -the window -into consideration. The window is slid one position at a time and the number of elements processed at each step is specified by a parameter called window size. The conservancy at position is based on the ratio of common characters at each position in the window centered at position . Fig. 2 . Illustration of the sliding window method.
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An important question is how to weigh and calculate the matches and mismatches in the MSA. For this purpose, the consensus character is defined at each position. The consensus character is the most common character at a given position, with the exception of gap which can never be a consensus character. The mismatch ratio at the -th position is then the number of input structures not containing the consensus character at given position, and the conservancy measure is the aggregation of mismatch ratios over the sliding window.
More formally, let be the MSA matrix of length containing structures. Let be the sliding window size and consensus character at the -th position of the alignment. First, we define an auxiliary function ′ as:
where ( , ) is equal to 1 if -th structure contains at i-th position, 0 otherwise. The conservancy function for -th position is then defined as follows:
Having a conservancy function and an MSA based on the secondary structures enables us to slide a window along the MSA and assign conservancy to each position. Finally, we project conservancy back on the input sequences, which gives us conservancy level for each nucleotide of every input molecule.
The advantage of the introduced approach lies in its simplicity and ability to quickly produce levels of conservancy for each position for even the largest RNA structures. However, the method also brings several disadvantages which a potential user should be aware of. Due to the use of the sliding window, the method is not capable of precise determination of the conserved regions borders (the borders are rather fuzzy). Also, the quality of the conservation assignment is clearly heavily dependent on the quality of the MSA. Moreover, the method is not very suitable for small molecules since the window should have sufficient size to take a reasonable neighborhood into account; the bigger the neighborhood, the more is the method oblivious to small local changes in structure and is able to correctly cover common local structural motifs such as hairpins. However, it is not possible to use a big window with small structures, where a window of size 30 covers half or third of the structure. For example, in our experiments carried out over ribosomal RNA molecules, the window size was empirically set to 40.
Implementation
in an SVG visualization of the secondary structures. Finally, the SVG files are modified in order to add the conservancy level of each base. This is realized using an attribute of the XML node representing the base color.
The freely available implementation can be downloaded from https://github.com/siret/rna-ss-conservation-annotator.
Evaluation
Our algorithm is aimed at annotation of bigger molecules and its comparison with other tools is thus difficult since existing evaluations are focused on smaller RNA structures. Therefore, we decided to evaluate our tool in two tests: (i) we visually inspected annotation of small ribosomal subunits from three organisms and (ii) we tested how well the conservancy annotation correlates with evolutionary distance. All the sequences were downloaded from the SILVA database [15] (release 119) and their structures were predicted using the cppredict algorithm [2] . To visually validate the conservation annotation of our tool and to show how to utilize conservation annotation at the individual nucleotide level for visualization, we selected small ribosomal subunits from three organisms: Homo sapiens (AC139250), Western lowland gorilla (CABD02136541) and Rubrobacter sp. LYG58 (JQ087461). The structures of the organisms were used as input, their sequences annotated, converted into SVG and the resulting images are displayed in Fig. 3 . Positions with high level of conservancy are shown in green while unconserved positions are shown in red. We can see that the structure of Homo sapiens (upper left) differs quite substantially from the other two structures, which can be the consequence of large regions where structures are not resolved well (the big regions of unpaired bases). We also highlighted two motifs which correspond to two regions in the MSA where the conservation maps quite well in the visual layout of the secondary structures. Obviously, if we input several very distant molecules, the result will not be very representative -as can be already seen in the example, where the mapped regions are conserved in terms of the base pairing, but some of the secondary structure motifs do not correspond very well. Also different values of the sliding window can influence quite significantly the sensitivity of the method.
Next, we validated the algorithm outputs with a test based on the premise that structures that are close in the phylogenetic tree should be annotated as relatively conserved. We built ten sets, each consisting of four different structures with various intra-set phylogenetic distances. Then, we annotated conservation for each of these sets. Conservation of the set was measured as the average conservancy of all positions in the corresponding MSA. The expected result was that the conservancy should be lower as the evolutionary distance gets larger.
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The test started on comparison of four different Homo sapiens records of large rRNA subunits and ended with comparison of four records of extremely distant organisms. In order for the sets to have a fixed point and not to select each set completely randomly each time, one sequence was selected to be present in every set (Homo sapiens record with accession number HI519109). This fixed sequence can thus be viewed as an indicator of how conserved are the other sequences relatively to this one. To asses the evolutionary distance within each set, we computed the distance from the HI519109 to the lowest common ancestor of the remaining three records. The lowest common ancestor (LCA) for a pair of nodes is defined as the lowest (i.e. deepest) node in the phylogenetic tree that has both of these nodes as descendants. This method of computing evolutionary distance for a group requires that all chosen sequences have the same LCA. This means that the LCA has to have at least four children and each of the molecules has to exist in different subtree rooted in the LCA. When this requirement cannot be fulfilled (e.g. the root of the phylogenetic tree has only three categories: Archaea, Bacteria and Eukaryota), two of the molecules which come from the same child branch need to split at the next level. Ten sets were chosen randomly using this scheme (record HI519109 is present in each of them): The results of this test are shown by the graph in Fig. 4 . We can see that as evolutionary distance among molecules in the sets grows, the average conservancy as measured by our algorithm does indeed decrease. The decrease is not steady, but it can happen that some of the incorrectly aligned regions can show higher conservancy simply by chance. The trend, which can be seen in this graph, holds in general. A set of 10 other test sets with additional details can be found at https://github.com/siret/rna-ss-conservation-annotator/evolution-conservation.zip.
Conclusion
We have introduced a new method for conservation annotation of a set of RNA molecules using their secondary structures. The simplicity of the method which is based on MSA of secondary structure and a sliding window procedure makes it suitable for use with even the largest RNA molecules such as ribosomal RNAs. The method is available as a software tool implemented in Python built over the Biopython library International Journal of Bioscience, Biochemistry and Bioinformatics and using Clustalw2 for building MSA. The tool returns information about conservation level for every nucleotide of the input structures with a visualization of each structure where the nucleotides are colored based on the computed conservancy level. However, the visualization is clearly one of the weakest parts of the tool since when the structures are not similar enough, the inspection of aligned parts becomes very difficult. Therefore, in the future we would like to focus on development of visualization which would allow simpler investigation of the conservation results. 
